Abstract Drilling is one of the most common and fundamental machining processes. It is most frequently performed in material removal and is used as a preliminary step for many operations, such as reaming, tapping and boring. Because of their importance in nearly all production operations, twist drills have been the subject of numerous investigations. The aim of this study is to identify suitable parameters for the prediction of surface roughness. Back propagation neural networks are used for the detection of surface roughness. Drill diameter, cutting speed, feed and machining time are given as inputs to the neural network structure and surface roughness was estimated. Drilling experiments with 12 mm drills are performed at three cutting speeds and feeds. The number of neurons are selected from 1,2,3, . . . , 20. The learning rate was selected as 0.01, and no smoothing factor was used. The best structure of neural network was selected based on a criteria including the minimum of sum of squares with the actual value of surface roughness. For mathematical analysis, an inverse coefficient matrix method was used for calculating the estimated values of surface roughness. Comparative analysis was performed between actual values and estimated values obtained by mathematical analysis and neural network structures.
Introduction
In machining, twist drills with diameters of 1-20 mm are used. In general, the failure of a twist drill occurs at an accelerated rate C. Sanjay (u) Faculty of Manufacturing Engineering, KUTKM, 1200 Ayer keroh, locked bag, Melaka 75450, Malaysia E-mail: sasch_cheen@yahoo.com, sasch_cheen2003@yahoo.com Tel.: 006-06-233-2542 Fax: 006-06-233-2421 C. Jyothi Tata Indiacom, Hyderabad, India once the drill is in operation [1] . The various factors that affect surface roughness are vibrations, material of the workpiece, type of machining, rigidity of the system (consisting of machine tool, work holding devices, material of tool and workpiece), cutting conditions, and type of coolant used. Surface roughness plays an important role in product quality and manufacturing process planning. Drilling is a complicated process and many factors determine the life and wear of a drill. Monitoring of drill wear states and thus determining when the tool should be replaced are critical in the automated drilling processes of the future. It has a major impact on the evaluation drilling performance and production precision. Surface finish quality of the workpiece is an issue of primary concern to the manufacturing industry, and the inspection of surface roughness of the workpiece is a very important aspect [2] .
Drill wear has a negative effect on the surface finish and dimensional accuracy of the workpiece. Surface roughness has received serious attentions for many years. It has been an important design feature and quality measure in many situations, such as parts subject to fatigue loads, precision fits, fastener holes and aesthetic requirements. Furthermore, in addition to tolerances, surface roughness imposes a critical constraint for cutting parameter selection in manufacturing process planning [3] . Surface roughness measurements can be divided into two approaches: direct and indirect contact methods. The direct method uses stylus instruments, which require direct contact with the surface to be investigated. Stylus instruments have limited flexibility in handling the different geometrical parts to be measured. In addition to this, measurement speed of stylus instruments is also slow. The indirect method measurement methods use optical instruments, which require no contact and are easy to operate.
Artificial neural network (ANN) technology is a branch of artificial intelligence (AI) that attempts to achieve human brainlike capability (Lippmann, 1987) . ANNs can be applied to pattern recognition. Chen and Wang (1990) , used multi-layered perceptron to identify and correct wrong spelling. Bery and Trigueiros (1993) , applied ANNs to the extraction of knowledge from accounting reports, which is a kind of classification study. Kireetoh (1995) , presented an application of the back propa-gation (BP) network with one hidden layer to recognize and identify handwriting of Thai numerics (0 to 9). ANNs can be applied to diagnosing problems, Yeh et al. (1993) , built a combined knowledge-based expert system (KBES) with an artificial neural network for diagnosing piles. Szewczyk and Hajela (1994) , used neural networks to detect damage in structural systems [4] .
A number of researchers have used ANNs in decisionmaking and optimization. Tseng et al., (1990) , used a Hopfield network to solve constrained task allocation problems. Wang and Tsai (1990) used Hopfield network with a time varying energy function to solve traveling salesman problems. In construction applications, Kamarthi et al. (1992) used a two-layered back propagation network for selecting of vertical formwork systems for a given building site, while Murtaza and Deborah (1994) used neural networks for decision-making in construction modularization. In natural sciences, Karunaasekera (1992) used a simulated annealing neural network to classify remotely sensed data, and Sinag (1992) applied the back propagation method in forecasting monthly water quality, i.e. temperature, pH, conductivity and water flow. In business-related applications, Hawley et al. A considerable amount of studies have investigated the general effects of speed, feed and depth of cut on surface roughness. The surface roughness models developed by Grieve et al., (1968) , Dickison (1968), and Fischer and Elrod (1971) , considered the effect of feed rate and nose radius in turning operation. The depth of cut and effect of cutting fluids were considered in the mathematical models developed by Karmakar (1970) , Lambert and Taraman (1974) . Miller et al. (1983) , Boothroyd and Knight (1989), and Feng and Wang (2001) . These works have demonstrated that cutting speed has significant impact on surface roughness, despite the complex nature of its impact. The use of neural networks in machining research has been extensive and multi-faceted. Chang-Xue and Xian-Feng, used neural network structures for estimating the values of surface roughness. Chen used a neural fuzzy approach in surface recognition for milling operations. Lee and Tarng used polynomial networks for calculating the estimated values of surface roughness [7, 8] .
Experimental procedure
The experiments were carried out on a Pillar drilling machine. The parameters that affect surface roughness, including tool hardness, tool geometry, workpiece hardness, temperature and rigidity of machine tool were assumed as constant in the different set of tests. The experimental setup is as shown in Fig. 1 . The twist drills were made of high-speed steel and the diameter of the drill was selected as 8 mm. Cutting speeds were selected as (9.047, 12.31 and 17.9 m/min), and feed were selected as (0.095, 0.19 and 
